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Abstract

Recent advances in multi-temporal Differential $watic Aperture Radar (SAR) Interferometry (DInSAR)e greatly
improved our capability to monitor geological preses. Ground motion studies using DINSAR requirth libe
availability of good quality input data and rigosoapproaches to exploit the retrieved Time Sefi& @t their full
potential. In this work we present a methodology BNSAR TS analysis, with particular focus on laldes and
subsidence phenomena. The proposed methodologistoogthree main steps: (1) pre-processing, agsessment of
a SAR Dataset Quality Index (SDQI), (2) post-preoas, i.e., application of empirical/stochastic hwats to improve
the TS quality, and (3) trend analysis, i.e., corapee implementation of methodologies for automats analysis.
Tests were carried out on TS datasets retrievad fsmcessing of SAR imagery acquired by differeadar sensors
(i.e., ERS-1/2 SAR, RADARSAT-1, ENVISAT ASAR, ALOPALSAR, TerraSAR-X, COSMO-SkyMed) using
advanced DINnSAR techniques (i.e., Squee8BARPSINSARM, SPN and SBAS). The obtained values of SDQI are
discussed against the technical parameters of dath stack (e.g., radar band, number of SAR scedmewmoral
coverage, revisiting time), the retrieved coveragfethe DINSAR results, and the constraints relatedthe
characterization of the investigated geologicatpsses. Empirical and stochastic approaches wetktasiemonstrate
how the quality of the TS can be improved after #%R processing, and examples are discussed tgat@tphase
unwrapping errors, and remove regional trends,enaisd anomalies. Performance assessment of recknigloped
methods of trend analysis (i.e., PS-Time, Deviatimex and velocity TS) was conducted on two setbstudy areas
in Northern Italy affected by land subsidence artislides. Results show that the automatic detecfionotion trends
enhances the interpretation of DINSAR data, sincpravides an objective picture of the deformatisehaviour

recorded through TS and therefore contributeseaitiderstanding of the on-going geological processe

Keywords: Persistent Scatterers; Small BAselinesByt8AR Interferometry; Time series analysis; Qualssessment;
Subsidence; Landslides



Introduction

The spatial and temporal monitoring of geologicabggsses, such as subsidence, swelling/shrinkagmitsf, or
landslides, is crucial to understand their mechmagjsand therefore activate procedures of early wgrand deploy
suitable risk mitigation measures. In this respaotong the remote sensing technologies used faislige hazard
assessment (MTERNICH et al, 2005), space-borne Synthetic Aperture Radar (S#Bvides data from low to very
high spatial resolution (smaller than one metray end night and all weather condition images witthives that,
dependently on the space mission, can offer a degree of coverage over Earth’s surface. Theseuanieaging
capabilities, thanks to recent advances in seestmnblogy and processing algorithms, boosted theotiISAR data for
a wide range of geosciences and environmentalGgtjgihs. Among these, mapping and monitoring ofirgthazards
have greatly benefited in the last decade from deeelopment of advanced multi-temporal Different&AR
Interferometry (DINSAR) techniques.¢ePSINSARM by FERRETTIet al, 2001;SqueeSAR" by FERRETTIet al.,2011;
SPNby ARNAUD et al.,2003 SBAS by BERARDINO et al.,2002 CPT by BLANCO-SANCHEZ ¢t al., 2008; MT-UnSAR
by HooPER A. 2008, ISBAS by BWTER et al, 2013; PSIG - Cousin PSs (CPSs) bsvVBNTHERY et al.,2014). In
particular, such Persistent Scatterer Interferoyn@fSI) techniques were used for updating landsldentories(e.qg.
COLESANTI AND WASOWSKY, 2006 FARINA et al.,2006 MEISINA et al., 2008;CHEN et al., 2010 BIANCHINI et al.,
2012; BovEGNAEet al.,2012), as well as for detecting and mapping land sulbsiede.g. Busaet al, 2010; TOMAS et
al.2010, RspPINI et al, 2014; EATINI et al, 2012).

So far, most deformation studies using DINSAR detae focused on the spatial analysis of ground me&rds using
mainly the average rates of the displacements. nigcent years, thanks to the improvement in g@ssing techniques
and the possibility to infer non-linear ground roos, it was also possible to take advantage ofctpability of
DInSAR techniques in describing the long-term etioluof natural processes A et al.,2014). Furthermore, novel
works were conducted in order to identify differénreinds in Time Series (TS) and to detect diffepatses of temporal
evolution of a natural process: acceleration anckléeation, seasonality, sudden change in moti@mdt inversion
(MILONE AND SCEP}, 2011; GGNA et al, 2012; BRTIet al, 2013).

Aim of this work is to extract the best out of thormation contained in DINSAR data, in order toogerly
characterize the temporal evolution of ground @ispients and improve the interpretation of geoldgicocesses. For
the purpose, we propose a methodology for the aisalyand improvement, of TS produced by PSI priegss
techniques, with particular focus on landslides smbisidence phenomena. Our procedure, addres§dd3$#\R users
interested to fully exploit the potential of TS kot working on the development of DINSAR procegsihains, is
composed by three main steps (see flowchart inrEigj

1. Pre-processing: evaluation of a SAR Datasetiquiadex (SDQI) that describes the expected gualit DINSAR
products prior to the SAR image processing.

2. Post-processing: application of empirical/st@ticanethods to improve the quality of already psed TS data.

3. Trend analysis: application and comparison fiédint approaches of TS trend analysis.

We applied this methodology to SAR data collectgdiifferent SAR sensors over different test areas] processed
with different DINSAR techniques as summarised abl€ 1. We purposely selected these heterogenexiasets to

prove the effectiveness of the methodology in aewahge of application contexts.
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[Figure 1 Conceptual flow-chart of DINSAR time ssrianalysis.]

ID Satellite Band Study area Area Type of Temporal N° Of Revisiting
Km? Processing SPAN Images Time (day)
1 ERS-1/2 C NW ltaly > 5000 PSINSAR™ 1995-2001 60/80 35
(5 datasets)
2 RADARSAT- C NW ltaly > 5000 SqueSAR™ 2003-2010  80/100 24
1 (5 datasets)
3 ERS-1/2 C Valle de Tena, 33 SPN 1995-2001 29 35
Spain
4 ENVISAT C Valle de Tena, 33 SPN 2003-2007 37 35
ASAR Spain
5 ALOS L Valle de Tena, 33 SPN 2006-2010 12 46
PALSAR Spain
6 TerraSAR-X X Valle de Tena, 33 SPN 05/2008 — 11 11
Spain 10/2008
7 ERS-1/2, C Umbria, Central 1200 SBAS 1992 — 2010 91 /37 35
ENVISAT Italy
8 COSMO- X Umbria, Central 300 SBAS 12/2009 - 39 4716
SkyMed Italy 02/2012
9 TerraSAR-X X Umbria, Central 216 SBAS 07/2011- 38 11
Italy 01/2013
10 ENVISAT C Daunia Apennine: 2200 SBAS 2003-2010 37 35
Southern Italy
11 TerraSAR-X X Daunia Apennine: 1500 SBAS 01/2010 - 24 11
Southern Italy 07/2012

Table 1: Summary of DINSAR datasets used in thidkwo



1. Pre-processing: SAR Dataset Quality Index (SDQI)

1.1 SDQI: input parameters and evaluation

Products of advanced DINnSAR techniques, i.e., nigdormation velocity maps and associated TS, caeffeetively
exploited for hazard and risk assessment, providiaigable information on the spatial and temponadlation of
deformation phenomena such us landslides and greubdidence. This information can be complementéd w
ground-based monitoring data (e.g. inclinometerteressometers, piezometers, and GPS) to deeply staterthe long-
term kinematical behaviour of geological phenomemal to investigate the possible triggering factufrthe detected
ground motion. In this context, it can be very usébr end-users, such as surveyors, geologistssaientists, or land

use planners, to assess the suitability of defaomdtS for this kind of analysis.

To this purpose, we propose an innovative SAR [Rat@aiality Index that provides a quantitative assesnt of the
impact that “decorrelation” phenomena, size of da¢aset, and sensor wavelength exert on the peafarenof the
multi-temporal DINSAR processing and the generatibground motion TS. This index refers to the dalitg of the
available SAR datasets to be effectively used twegte deformation velocity maps and associatedwit8,a density

of measure points suitable to carry out a comprsikierinvestigation of the study area.

SDQI can be easily implemented by users not nedbssapert in SAR processing, to assess the exgeqguality of

the DINSAR results against the coverage or numbdetectable measurement points.

Furthermore, when several SAR datasets are awaifablthe same study area, the SDQI can be useffdctively
select the most suitable dataset for the analyfstheoinvestigated deformation phenomenon. In téy, the SDQI

supports the design of the DINSAR monitoring atithei.

The SDQI is calculated as weighted average of ifidexes that account for the main parameters immacin the

number of coherent points detectable through a BRfrocessing:

SDQI_(N*V\(,+TI*V\4+IV[FB* Wi + VOB Y+ SR Wy
| W, VY + Wi Ve W @

Where:

NI (Number of images Index) is associated to the rarndd acquisitions belonging to the selected SAR

dataset;

Tl (Time Index) refers to the length of the wholediperiod spanned by the SAR dataset;

MTBI (Mean Temporal Baseline Index) is associated t@tteeage time interval between consecutive scenes;
MSBI (Mean Spatial Baseline Index) refers to the avegzatial baseline of the interferometric pairs;
SRI(Spatial Resolution Index) is associated to thaigdorange resolution of the SAR scenes;

and vy, Wy, Wytei, Wyiser, Wer are the respective weights.

Each index, below described in detail, is dimengies, ranges between 0 and 1 and is properly wegtcording to
the values reported in Table 2. These weights afetl based on our experience related to analyspeenomena
with maximum displacements of the order of few omatres per year. However, in case of geologicakcesses

characterized by high deformation rates (i.e., edoey 5 centimetres per year), the weights canaséyeadapted, in



order to make the proposed methodology flexiblehwéspect to the investigated processes, withoutifying the
calculation of the single indexes. In such a cttse MTBI weight should be properly increased tor3pin order to
make more significant the role of the temporal baseawith respect to other parameters. At the sime if we are not
interested in the long-term behaviour of the deftion process, e.g., when waepriori know it is characterized by
guasi-linear deformation trend, we can opporturddgrease the weight of Time Index. Moreover, if aditthe
parameters can be estimated, the SDQI assessnmebé geerformed by setting equal to zero the weigbtsesponding
to the unavailable parameters. For instance thenNBasseline Spatial Index is not always accessibferk processing
the SAR dataset; therefore, in such a case, thel @D@Qd be based on 4 parameters and its relighilitl not be

affected.

The estimated SDQI value can be converted in aitgtiaé evaluation (see Table 3), via the idengifion of the
following SDQI classes: Very Low (if SDQI 0.25), Low (if 0.25 < SDQI 0.45), Medium (if 0.45 < SDQI 0.65),
High (if 0.65 < SDQI 0.75), and Very High (if SDQI > 0.75)

Parameters Weight Weight Value
Number of imagesNI) WNI 2
Mean Temporal Baseline index

(MTBI) WMTBI 2

Time Index(Tl) WTI 1
Mean Spatial Baseline Index

(MSBI) WsBI 1
Spatial Resolution IndefSRI)  WSRI 1

Table 2: Weights assigned to each parameter of Bataset Quality Index (SDQI)

Value SDQI Condition
Very Low 0.25 Low confidence in TS and Y-
Low 0.25-0.45 Use of averaggdé only
Medium 0.45 - 0.65 TS are likely to be noisy
High 0.65-0.75 High confidence in TS anghY
Very High >0.75 TS are more likely to fit the expected trend

Table 3: SAR Dataset Quality Index (SDQI)

1. Number of images Index (NI). This index (Table 4) assesses the impact of theben of available SAR
images on the achievable coherent point densitytifumporal DINSAR processing produces more spigtifense and
accurate results when applied to large datasetsy€t al, 2006). Accordingly, this index increases witk thumber of
acquisitions belonging to the SAR dataset. It istiveoting that a minimum number of SAR acquisiipabout 20
(e.g., MARINKOVIC et al, 2008; QROSETTQ 2011), opportunely distributed over time, sholédconsidered to improve
removal of atmospheric phase components from ek gif interferograms and generate reliable grauotion series.
We assume that when the number of scenes compthEngAR dataset is lower than 20, this index iseibtthan 0.5,

and in this case DINSAR processing could be stroafjected by noise effects independently fromdtier indexes.

Number of Images NI

<10 0
10-20 0.25
20-30 0.5
30 -40 0.75

> 40 1

Table 4: Number of images Index (NI)



2. Time Index (TI): This index (Table 5) takes into account the timerival covered by the SAR dataset. In
particular, in order to properly estimate and filbeit seasonal trends (mostly due to atmospheritribations), a time
period sufficiently long should be considered. tdition, long deformation TS allow a better chagaigation of the
temporal behaviour of the geological processes.ifgiance, to analyse swelling/shrinkage phenonagrandslides,
TS should cover more than one seasonal cycle (eat) yand ideally be extended to several yearsdode both dry
and wet years. However, long time period DInSARIys®s are affected by temporal “decorrelation” giraana that
reduce the number of coherent point®BNO et al, 2012). Accordingly, Tl takes into account thése opposite

effects, reaching the maximum value for 5-8 yeaglanalyses and decreasing for longer periodsvesiigation.

Temporal Span [years] TI

<05 0
05-1 0.25
1-2 0.5
2-5 0.75
5-8 1
8-12 0.75
>12 0.5

Table 5: Time Index (TI)

3. Mean Temporal Baseline Index (MTBI): This index (Table 6) quantitatively assesses thmathof the mean

temporal baseline (MTB) between consecutive SARi&ttipns, according to the following equation:

T )

Where

N is the number of available SAR images acquireepat:hs{ T, Tos e 1TN—1} ,

T is the whole temporal interval of the analysigressed in days.

MTBI is based on the average temporal baselinerdier to take in account the effect of very longperal baselines

that can occur in a very irregular temporal sangplin

Mean Temporal Baseline MTBI

L Band C Band X Band

[Days] [Days] [Days]

> 360 >120 > 60 0
180- 360 90 -120 45 - 60 0.25
90 - 180 60 - 90 30 -45 0.5
60 — 90 20 -60 15-30 0.75

<60 <20 <15 1

Table 6: Mean Temporal Baseline Index (MTBI)

MTBI considers that the effect of temporal “dectatien” on different bands (L-, C-, and X-band) rieases with

decreasing wavelength ¢Rca, 2007). Moreover, since larger wavelengths allavgér deformations to be estimated,



lower values of the mean temporal baseline shoelddnsidered with C- and X-band SAR datasets veiipect to L-

band ones in order to limit phase unwrapping errors

4. Mean Spatial Baseline Index (MSBI): This index (Table 7) takes into account the geoicudtr
“decorrelation” effect, which depends on the catiperpendicular baseline computed according to fttiewing
equation (RANCESCHETTI ANDLANARI, 1999):

/r'

Bperp:ritical = H

®3)

where:

/ is the sensor wavelength;

I' is the sensor-target distance;

andr is the ground range resolution.
MSBI values (Table 7) were set on the basis ofctitecal spatial baseline for each band, considgtie C-band ERS-
1/2 case as a reference (ground range resoluti@f af and a sensor-target distance of 800 km)ddiitian, the worst
case (MSBI equal to 0) for the C-band has beemeddfas about half of iBperp,iica vValue (cf. Eq. 3). The L- and X-
band values have been retrieved by scaling ther@-Bpatial baseline values with respect to wavélendt is worth
noting that the impact of the ground range resotutin the critical baseline will be considered witthe SRI described
below.
By considering N SAR images, characterized by lasetalues computed with respect to an acquisitibosen as
reference, the mean spatial baseline (MSB) is ttleth according to the following equation:
Brac~ Bun _ B

N-1 N-1

whereBa, Bmin andB represent the maximum perpendicular baseline,rmim perpendicular baseline, and the orbital

MSB=

(4)

tube of the SAR dataset, respectively.

Mean Spatial Baseline

L-band C-band X-band MSBI
[m] [m] [m]
> 1500 > 500 > 300 0
1250- 1500 400 - 500 250 - 300 0.25
1000 - 1250 300 - 400 200 - 250 0.5
750 - 1000 250 - 300 150 - 200 0.75
<750 < 250 <150 1

Table 7: Mean Spatial Baseline Index (MSBI)

5. Spatial Resolution Index (SRI):This index (Table 8) accounts for the impact of gheund range resolution
on the Bperpiica Value (cf. Eq. 3). SAR datasets characterizedidly to very high ground range resolution (see Table
8) ease the detection of a larger number of meammepoints, so that very spatially dense deformnathaps can be
produced (@LO et al, 2014).



Resolution Satellite Ground

Range SRI
Resolution [m]
Medium ERS-1/2, ENVISAT, Standard Beam RADARSAT-1/2 > 20 0.25
Medium-High Fine Beam RADARSAT-1/2, ALOS-1 7-15 .50
High StripMap TerraSAR-X and COSMO-SkyMed 3-7 0.7
Very High Spotlight TerraSAR-X and COSMO-SkyMed <3 1

Table 8: Spatial Resolution Index (SRI)

1.2 Application and performance assessment

We applied the proposed quality index SDQI to SAdadets acquired by different satellites, at varirequency
bands and spatial resolutions, over different staghas (Table 1 resumes all the parameters). Bablanmarizes the
computed SDQI indexes for the considered data$et®ase the comparison, the SAR datasets are grdypstudy
area and processing technique. The average defidht$ is used as parameter to assess the perfanasDQI. It's

worth pointing out that radar target density depemdso on characteristics of study area, e.g., leaver and

topography (Table 9).

Weight 2 2 1 1 1 Relative PS/km2
Dataset Processing NI MTBI TI MSBI SRI SDQI Quality
RSAT SqueeSAR 1.00 0.75 1.00 1.00 0.250.82 Very 50- 200
NW Italy M High
ERS PSInSAR™ 1.00 0.75 1.00 1.00 0.250.82 Very 30 -100
NW Italy High
ENVISAT SPN 0.750.50 1.00 1.00 0.25 0.68 High 15
Tena Valley *
ERS SPN 0.50 0.50 1.00 1.00 0.25 0.61 Medium 5
Tena Valley *
TSX SPN 0.250.75 0.00 1.00 0.75 0.54 Medium 700
Tena Valley *
ALOS SPN 0.250.50 0.75 1.00 0.50 0.54 Medium 250
Tena Valley *
ERS-ENVISAT SBAS 1.00 0.75 0.50 1.00 0.25 0.75 High 110
Umbria
CSK SBAS 0.750.75 0.75 1.00 0.75 0.78 Very 1700
Umbria high
TSX SBAS 075 1 0.5 1.00 0.750.82 Very 3600
Umbria high
ENVISAT SBAS 0.75 05 1 1.00 0.250.67 High 350
Daunia
TSX SBAS 0.5 0.5 0.75 1.00 0.750.64 Medium 330
Daunia

Table 9: SDQI calculation for selected case histtatasets compared with the PS density (*) Tha dBMSBI was
assumed equal to 1.0 on the base of PSI data prothgication.

The analysed data present usually good qualityrbsthme cases (e.g. Tena Valley) the low SDQI ata@respond to
noisy TS (e.g. ALOS dataset Figure 2 C) or too stenporal spans (e.g. TerraSAR-X dataset Figupg. 2

1) Tena Valley Spain. This area covers a mediurapst@ountainous area in Pyrenees. The main PS daaget
represented by talus debris and some spare villhgesislides are the main land surface processgsaffect the area
(HERRERAet al.,2013). All the datasets (ERS 1995-2000; EVISAT 22007; ALOS 2006-2010; TerraSAR-X may —



October 2008) were processed with SPN algorithnthéncase of ALOS dataset, the low amount of SARges and
the presence of 4-5 image gap (> 200 days) makeBumethe overall quality of this dataset (SDQI 54). 250
PS/knf), decreasing the level of confidence in usingeHES for landslide hazard assessment. In the daBer@SAR-
X, even if the temporal baseline and the spatisblidion are good (11 images and revisiting timelbfdays), the
observation period is too short (5/6 months), desireg the dataset quality (SDQI = 0.54, 700 P$/RmERS and

ENVISAT (Figure 2 B) datasets show better TS witbdinm (SDQI=0.61, 5 PS/Knand high quality (SDQI= 0.68;
15 PS/km), respectively.

2) The NW ltaly is covered by many datasets thas@nts almost the same characteristics in termaraber of images
used, satellite and type of SAR processing (Tahl@d a result the SDQI is the same. Once we egdluel 1994 year
gap from ERS-1/2 dataset processed by means oSR& the SDQI is very good (0.82), which is the saas for
the RADARSAT-1 processed by means of SqueeSAR™: dhtaset covers the period 2003-2010 (Figure 2TAg.
SAR point density range from 30 to 100 (PS7kfor ERS and from 50 to 200 PS-DS/kfar Radarsat.

3) Umbria region, Central Italy. The landscape shavhilly or mountainous morphology, with open &gl and large
intra mountain basins. The area is widely affedigdandslides and subsidence phenomena, with neférgacts on
urban areas and infrastructures. SAR Datasets ERASAT 1992-2010, COSMO-SkyMed 2009-2012, and
TerraSAR-X 2011-2013) were processed by applyiegSBAS-DINSAR approach. The data provided highigu@lS
for all datasets: SDQI=0.75, 110 Pointsfkior ERS-ENVISAT, SDQI=0.78, 1700 Points/krfor COSMO-SkyMed
and SDQI=0.82, 3600 Points/krfor TerraSAR-X.

4) Daunia Apennines (southern Italy). The studyaasecharacterized by gentle hills and low mourstaanly locally
exceeding 1000 m above sea level. Complex mass ments widely occur in the region, heavily damagiitages
and infrastructures. SAR datasets (ENVISAT 2003@@hd TerraSAR-X January 2010 - June 2012) weregssed
by applying the SBAS-DINSAR approach. The data wied high quality TS for ENVISAT (SDQI=0.67, 330
Points/knf), and medium quality TS for TerraSAR-X (SDQI=0.850 Points/krf).
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[Figure 2: An example of 4 Time series with simitate of velocities (-10 / -20 mm/yr) of 4 datasedith different
SDQI. NI is the number of images A) RADARSAT destieg dataset NW Italy, 85 images (temporal span3200
2009), processed with SqueeSAR, SDQI = 0.81; B) B\ descending datasets, Tena Valley, 38 imaganpbral
span 2001 — 2008) processed with SPN, SPN = 0.p&LOS ascending dataset, Tena Valley, 13 imagesoral
span 2006 -2010), SDQI = 0.54; TSX descending dgtd®na Valley, 12 images (temporal span May-Cat@®08),
SDQI = 0.54. It is possible to appreciate the fiesf TS with high SDQI to their polynomial integfation.]
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2. Post-Processing: Time Series improvement

The post-processing analysis can be carried oimpoove the quality of DINSAR data and correct flasserrors. In
literature it is possible to find works on TS ergstimation working on process chainaf$sen 2001). For instance
GONZALEZ AND FERNANDEZ (2011) provide a model based on Monte Carlo metluggoto asses the error in the time
series during the processing steps related to pimeos and develop a model to fit a non linear deédion. In this
paper we provide a wider set of post-processingagmhes that can be used also by SAR final usemaerdted by
ground truth observation. If the analysis of thediseries does not show any particular noisy d&acan be directly
analysed as described in section 3 (i.e. trendysisal
1) Removing noise and regional trends
The analysed DINSAR TS may be affected by trendsnomalous estimates not related to real groundomot hese
trends are quite easy to detect because they ysiifdtt the whole dataset. They can be due temfit causes:
errors in data processing (e.g., atmospheric pbasen);

uncompensated orbital phase ramps

regional trends related to long-term geologicalcpss (e.g., tectonic creep) onto which the localaggcal

processes of interest (e.g., landslides, subsij@veslap;

presence of land movements at the reference pmmation that affect reversely all the dataset;

thermal effects on targets: the difference of terajpge between summer and winter can cause seasatal

of dilatation and shrinkage of target, especidlig & metallic object.
These errors can be identified by sampling all ligherence (> 0.9) radar targets from a selectdulesrea where
LOS average velocities are in the range £0.5 mrilye stable area can be choice for instance obabke of GPS data
if available, or using ancillary geomorphologicalokviedge on the area. TS of these targets aregei@ each date of
the monitoring period, and if the averaged TS risvélae presence of specific trends (e.g., seasgghalhe whole
dataset is probably affected by an artefact. ptassible to remove the artefact from tktb TS of the DINSAR dataset
of interest (i.e. TS, through simple subtraction of the averaged T$hefstable, coherent targets (i.endi. This

allows to compute the corrected TS (i.eJTS
TS =TS — TS\oise )]

Figure 3 shows an example of RADARSAT-1 TS ascandiata processed with SqueeSKRilgorithm over Liguria
Region. As clearly shown, the original TS data ed\@rong seasonality. This trend is common tatal TS of this
dataset, including very stable and high coherergeamd Distributed Scatterers (DS) of the datasett is suggested
that the observed seasonality relates to an attefae seasonal trend (black dot line) is obtaibgdiveraging TS of
stable (Vlos in the range = 0.5 mm/yr) and higherehce (coher>0.9) PS and DS of the SquedSAfataset. Then the
extracted seasonal trend is subtracted from tiggnalti TS to remove the artefact, which helps tabbtess noisy TS

(red line in Figure 3).
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[Figure 3: Removal of regional trend from TS datanf the RADARSAT-1 SqueeSAR ascending data available for

Liguria Region, Italy. It is possible to apprecitite decrease on noise in de-trended time-series. ]

2) Removing single date anomalies

Another typology of error that can be observedmyithe analysis of DINSAR TS is related to anomsldisplacement
estimates recorded at a certain date of the mamitgreriod, and spatially diffused across the whidtaset of DINSAR
targets. In order to detect such errors, stabl®.&mm/yr) and high coherence (> 0.9) TS can bectad from the
dataset, similarly to the above described apprdactihe removal of regional trends. If more thare ahird of the
selected TS shows high dispersion in the displaoenraue (e.g., >+ 5 mm from TS regression lineXand C-Band;
>+ 15 mm for L-band) at the same date of acquisjtit is recommended to remove from the dataseatfomalous
date to avoid misleading interpretations like urpmiag errors described in the next tools.

An example of this error was found in the RADARSATescending dataset “Dogliani” processed with 8G4eR"
for the Langhe Hills in NW lItaly. In particular, @¥/01/2009 more than one third of the selecte@Xc®ed the +5 mm
threshold. The anomalous values at that acquisitina might be related to snowfall occurred on dlag of the SAR
acquisition (see the sample PS in Figure 4). Caresgity it is suggested that this scene is remowvednat included in
the TS analysis.

N N N N N N N N
o o o [=} o o o o
o o o (=} o o o =
w s w1 (&)} ~N @ O o
20 t . + ; . . 40
154 r35
T 107 r30
£
5 ST r25 ’g‘
E —
i oM 20 3
2 &
5 51 ris £
%]
Q
= -101 rio
15 l )
0 | 1 Lo
—8— DS A4KLL = Linear trend  ------- +/-5 mm Snow [cm]

Vlos = -0.4 mm/yr; Coher = 0.96
[Figure 4: Example of stable TS (-0.4 mm/yr) (LaagHill dataset) exceeding the £5 mm threshold at date
7/01/2009, compared with snow height observed@irmp (Hn) (Source Hydrological database ARPA Pigeidn
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3) Detect and correct possible phase unwrappirayserr

One of the limitations of DINSAR techniques is tethto possible phase unwrapping errors caused drg than a
quarter of the radar wavelength motions occurriegvMeen two successive acquisitions or two closgetarof the
dataset (e.g., ®OSETTOEet al. 2010). We propose an empirical methodology to aleded mitigate potential phase
unwrapping errors during the post-processing stagey a semi-quantitative approach on a simple o8 p
Especially when working with landslides, it is pibés to observe sudden motions occurring at spediétes of the
monitoring interval (e.g., rapid movement alongtabte slopes). Since these motions may be relatethdomalies at
specific acquisitions, it is necessary to removgepipossible sources of errors from the datasetiéasribed in the
previous section) before checking for unwrappingm: If the absolute difference of the displacet{&) observed
between two consecutive acquisitionsaftd t.,) exceeds the phase ambiguity (e.g. 14 mm for C-band data) it is
possible to “jump” to the proposed replica (up omd) of TS that is placed at | /2.
IF Disy— Dy > 1/ 4 Dyivny —1 /2 (correction for decreasing TS)
IF Dgisyy— Dy < -/ 4 Dgirqy +1/2 (correction for increasing TS)
Before to apply the jump it is important to takeaittount some limitations:

in order to validate the jump to the replica inicessary to have external sources of data, ftarios, other

monitoring measures, rainfall data, evidence o&kration from field survey or literature.

the tool can ease the correction of one unwrapgingy.
Using a simple plot of TS it is possible to grapltic see the conceptual model of this correctionFigure 5 an
example of TS affected by this type of error isvghdor a landslide in the Langhe hills (NW ltalyijhe PS and DS
data were generated from RADARSAT-1 imagery proegssith SqueeSAR™ and are located close to the remfw
the landslide reactivated in April 2009 (Figure 5K figure 5 B it is shown the time-series and ¢neor bars of i 4
(14 mm) and the real displacement between twoemris/e acquisition (green dots). If the displacenig larger than
| /4 the green dots fall outside the errors barsitdn represent a possible case of phase unwmgpior. The TS
studied from 2006 show weak movement until 2008 finem December 2008 it is possible to see a stemugleration
of the movement until April 2009 then followed bypasitive Jump. Between April 2009 — July 2009 dieplacement
it was larger than 4 4. After a check with ground truth incandescenceds decided to apply a correction Bf2.
From a qualitative point of view, with this corrigat the trend is more reliable with the possibledislides acceleration
even if in terms of absolute movement also thisemiion may underestimate movement because we tknoa how
many| /2 jumps are occurred. The acceleration occurreth fDecember 2008 to April 2009 well fit the cumaldt
rainfall and can explain the paroxysmal event omziiiat the end of April 2009. This ground deformatbehaviour
better depicts the observation based on rainfaih @ad the expected motion of the landslide in arsp to the
triggering factor. The landslide body has no PSahee the movement was too rapid to guarantee isnffiphase

correlation during the monitoring interval (on t&ler of several meters).
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[Figure 5: A) Location of the case history; B) T$tandard time-series with its error bars of #/4 (14 mm) the green
dots represent the differential displacement betvte® consecutive acquisition (XE.g — XTSy). If the the differential
displacement is bigger than/4| the green dot it is outside of TS errors beed)(and it is possible to introducd £
correction (e.g. April — July 2009)]

4) Averaging Time Series

When the distribution of annual velocities acrdss monitored area appears noisy and difficult terpret, TS can be
spatially averaged to better detect the generatis®f deformations. This can be done, for instafuaethe TS located
in the same geomorphological unit, which fall witla single landslide or in a subsiding area whighthought to be
characterised by similar ground motion velocities.

The averaging procedure helps to smooth the slyatiatiable velocities referring to single targekdoreover, the

comparison between the averaged TS and single PS @an be used to find processes possibly occuatithe local

scale.

Figure 6 shows the case of the Mendatica landslidiee Ligurian Alps in Italy. It is possible toddtify 33 PS and DS
in the upper part of the landslides with velocitythe order of 8-12 mml/yr. Clearly, the TS of ss§S or DS present
higher variance (5.8 mm/yr) with respect to theraged TS (2.5 mm/yr), and the averaging procedeveals the

general trend of the TS that shows a strong aat@erof landslide motions in 2008.
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[Figure 6: Mendatica landslides. Comparison betwsirgle TS and 33 averaged TS. It is possible ¢otise reduction

of the noise and easier identification trends. ]

3. TS classification, identification of trends anddeviations

Following the reduction of noise and quality impeawvent (see section 2), the analysis of DINSAR Td8geds with the
identification and classification of temporal trenich high to very high quality TS datasets. Attentshould be paid,
however, not to misinterpret ‘artificial’ or residiutrends by considering these as true ground mewésnlidentification
of trend deviations in DINSAR TS is crucial to uretand geological processes. The recent literatperts on some
methodologies to overcome limits related to manualjal analysis and classification of TS (e.gerB et al., 2013;
CIGNA et al., 2012). These methods can support radar-interpreigiag their analysis of large DINSAR datasets, to
identify critical areas of concern, non-linearipgceleration/deceleration and, more generally, dewations froma
priori defined trends.

We implement here the following approaches (Table 1

1) PS-Time BERTI et al. (2013) developed ‘PS-Time’, an automatic clasatfan tool for PS TS based on a conditional
sequence of statistical tests. This tool allowsnidieation of six trend types (i.e. uncorrelatdthear, bi-linear,
quadratic, and discontinuous with constant andatéei velocity), and additional parameters, suclthasbreak date
(date identifying the trend changd},, V, (the motion rate after and before the trend chpreyed the index BICW
(showing the degree of bi-linearity of TS). PS-Tiwen support both regional and local scale studfelrge PS
datasets, and be particularly efficient when thealv@ur of the geological process under investigais unknown. PS-
Time is freely accessed at http://www.bigea.untlitricerca/pstime.

2) Deviation Index (DI) and mobile DI: CIGNA et al. (2012) developed the Deviation Index (DI), ablegtantify
trend deviations within DINSAR TS by reproducing thisual process of identification of trend changés first type
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of DI (i.e. DI1) quantifies the deviation recordafier a certain dat with respect to its prediction based on the linear

regression of the TS records beftyewhilst the second type (i.e. DI2) compares theb&Baviour before and after an

event occurred dt, by measuring any displacements recordeg atd identifying its impact on the TS. The use &t D

and DI2 can support both local and regional analp$ddInSAR TS, when an event is thought to havergract on the

ground motion trend, either permanently aftey, ar only temporarily at,. Since the application of the DI requirgs

selection to cut the TS into two distinct subintdsvto compare, building upon the original methgdQiGNA et al.

(2012), TaPETE AND CASAGLI (2013) developed the “mobile DI” approach to idigndbjectively the correct break date.

This method consists in the computation of the Bxoas the entire monitoring period followed by asi of DI

variations as a function of changitig The approach can be used whgcannot be defined priori as no background

information about the process to study is available main advantages of the mobile DI are bothctirdirmation of

the suitability of a fixedy,, and the identification of other possible datesractis temporal breaks, which were not

previously identified by visual inspection.

3) Velocity TS: With this tool it is possible to generate tempaaries of velocity from DINSAR TS, by cutting the

monitored period into regular sub-intervals andapting partial linear regressions on the displaa@naata. Number

and length of the sub-intervals can be determineddzounting for: (i) TS quality, which is influesd by temporal

span and number of displacement records compokimgstib-interval (generally, the shorter the lengthhe sub-

intervals or lower the number of scenes, the highetikelihood that the resulting series of velies will appear noisy;

as practical recommendation, TS averaging may Ipdeimented beforehand, and sub-intervals shouldidecht least

5-6 displacement records; see section 2.3); andh@ deformation trend of the studied phenomenbat can be

identified via preliminary visual inspection of tHeS (e.g., either long-term or season-based sévials may be

considered).
Methodology Obijectives Applications
PS-Time Automated detection of trend typologies for eagl’?glonal and local scale analysis of _Iarge
» INSAR dataset, when the deformation
(BERTIEt aAl., TS of the analyzed dataset, and additional .
behaviour and the date of the event of the
2013) parameters.

studied process are unknown.

Deviation Index,
DI (CiGNA et al,
2012a)

Mobile DI
(TAPETE &
CASAGLI, 2013)

DI type 1 (DI1): Quantification of the deviation
within TS after a certain datg with respect to
its prediction based on the ‘historical’ pattern.

DI type 1 (DI1): Local and regional scale
applications, when events of known date
occurred and have changed the general trend
of the TS.

DI type 2 (DI2): Quantification of the sudden
trend change occurred at the digtdoy
evaluating the step recordediawithin the
series, not necessarily associated with an ove
trend change.

DI type 2 (DI2): Local and regional scale
applications, when events of known date
occurred and have changed the TS locally
r%\rﬁd in the immediate of the event (e.g.,

sudden displacement), but not its general

trend.

Retrieval of the curve of DI V$b to identify

peak values due to trend deviation or changes
throughout the TS. In doing so, it compIemenl?

the DI approach.

Local and regional scale applications, when
the deformation behaviour and the date of the
vent of the studied process are either known
or unknown.

Velocity time
series

Evaluate the temporal variation of the velocity
by cutting TS into sub- intervals and re-

computing step-wise velocities. May underlinespatial averaging of TS is recommended.

seasonal co mponents.

,Local scale analysis, when long and not
noisy TS are available. To reduce noise a

Table 10: Comparative summary of the approaché®nél analysis of DINSAR time series tested in tagearch.

We applied the above three methodologies to an&lysdest areas in Italy: (1) Pontecurone, in Pietadregion, NW

Italy, affected by land subsidence, and (2) Cramigindslide, NW Apennines.
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For both sites, two SAR data stacks processed By $RI. with the SqueeSAR algorithm (FERRETTI et al., 2011)
were employed:

89 RADARSAT-1 Standard Beam, ascending mode im&#93/2003-22/05/2010);

84 RADARSAT-1 Standard Beam, descending mode im@f&94/2003-05/10/2009).

3.1 Subsidence case history of Pontecurone

Pontecurone is a small rural village in the soutfter sector of the Po River Plain, located onathevial fan of
Curone stream (Figure 7), where thickness of alusediments exceeds 150m. Stratigraphic and deatad data for
the region show a typical alluvial succession o&vgl, sand (aquifer layer) and silt-clay (aquitdagers); in
Pontecurone clay sediments (at least 10m thiclgroptand locally confine the first aquifer (Figufe In the upper
part of Curone alluvial fan, several groundwatetsvexploit confined aquifers, and are generallgmlr than those in
the northern sectors. Though there is little infation available about water extraction, groundwatgoitation seems
to be mainly related to agricultural irrigation.
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[Figure 7: Simplified hydro-geological setting obftecurone. It is possible to see that the arsawth of the village is
characterized by the presence of deep boreholehBte data from Provincia Alessandria / RegionenBige Settore
Acque]

Visual analysis of the annual LOS velocity £¥) of both ascending and descending Squee$ARADARSAT-1
datasets, revealed general stability of the arétl, @nly two confined zones in Pontecurone and \éwghshowing
motion rates down to -5 mm/yr (Figure 8 A).

Automatic TS classification of over 28,000 poinfstttie SqueeSAR' ascending and 23,000 points of the descending
TS datasets with PS-Time showed that in the ardzoafecurone most TS are classified as bi-linespe@ally within

the ascending dataset while, for the remaindehefdataset, the typology of TS are either lineanrarorrelated, and
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only a few are classified as quadratic (Figure 8TB)e BICW index showed for the area of Pontecunaiaes higher
than 1.2, this indicating the occurrence of strgrgtlinearity, and identified the break date o fRS in the last part of
2008, i.e. 27/11/2008.

The computation of the DI1 confirms this evidenaahe of trend in the TS of both ascending and deticg data. By
assuming November 2008 as thdor all the series, the resulting DI1 (Figure 8<Bpw that the extension of the area
affected by temporal deviations is by far widerntihat depicted by the sole visual analysis of ahyos. The DI1
results for the descending dataset (Figure 8 ¢ édhlight that large sectors of the scene reabrdieviations as high
as 1.5 to 3 times the respective predictions basethe temporal history of the area befgreMore than half of the
built-up area of Voghera, indeed, evidences DlLieslof 1.5-3.0 and even higher than 3.0-5.0 fanallssector in the
southwestern outskirts of the town. PontecuronsgC@erola and Rivanazzano Terme show DI1 grebsar 1.5. The
DI1 computation for the ascending dataset (Figur€ 8ight) also shows concentration of trend dewizdi over
Pontecurone, with DI1 increasing by moving from tluskirts to the centre of the village.

It is worth noting that the ascending and descandimode TS are characterized by both different tiemgths and
different number of scenes composing the inputlgatenage stacks, as mentioned above. The usecafmmort, for
both datasets creates TS sub-samples with diffdesmgths of the historical (i.e. ptg- and updated (i.e. posj
intervals in ascending and descending mode. Ingpiat, while the length of the updated interval &image long for
the ascending data, this is only 10-image longHerdescending one, hence the computation of Dlthfolatter is less
reliable, due to the fewer number of scenes aVailafbert,.

To confirm the suitability of the fixety and identify possible additional dates of trendiatéon, the mobile DI was also
calculated over the entire TS for both PS and D$efascending dataset over the village of Ponteeuwhere, as
above discussed, a clear pattern was identifietthénspatial distribution of the DI1 (Figure 8C-9A)he example in
Figure 9 refers to the DS A4WEI in the northeastguarter of the village where the highest valueDdf at the
selected, (2.8 to 5.3) were retrieved. The TS of the examhiBs is characterized by an inversion of the tréred
from moving away from the satellite to moving todsrit) immediately after thé, suggested by PS-Time and
confirmed by the DI1 (Figure 9 C). The curve of thebile DI1 gives an objective confirmation (Fig@®), with the
main peak reaching 5.6 on 10/12/2008, and also edidence not retrieved by visual inspection of Ti$e Indeed, after
t, another DI1 peak of ~5.0 is identified on 11/102QFigure 9 D), i.e. in correspondence with a dr@hange
occurred within the pogt-sub-interval (Figure 9 C). This peak marks a furtlieceleration of the LOS displacements
exactly one year after the occurrence of the m@&ndt inversion (i.e. 10/12/2008). Moreover, an tddal DI1 peak
occurs at the end of 2007 — early 2008, i.e. alroostyear prior to the main trend inversion. Tholegs pronounced
(DI1 of 4.2), this peak could indicate an early pamal break that sole visual inspection of the ik8ly would have not
identified.

The evidence discussed above with regard to DS Adié/RlIso found within the TS of the neighbourin§ Bnd DS,
and therefore relates to instability affecting émtire local area in Pontecurone.

The computation of the TS of the LOS velocities wesformed on the averaged TS of both the Squeé%$AR
ascending and descending datasets, for the areee e DI1 spatial distribution showed the highesiues. The
velocity calculated for the two periods, precedamyd followingt, confirms observations based on the first two
methodologies, and shows land subsidence at -8 torm/yr rates occurring between 2003 and 2008pviedt by 10
mm/yr uplift (Figure 10). By computing the velocilyS over 6-month long intervals, seasonal companeah be
recognised and, in particular, we identify negativ@S velocities until October/November, which adldwed by
periods of uplift in winter and early spring. Betwe 2003 and 2008, land subsidence seems strongeruthlift,

whereas in the following period (between 2008 a@#i() the opposite is observed. The long-term tagrdss the full
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TS confirms the bi-linear trend detected by PS-Tantomated classification, as well as the high #dlues observed

within this sector of the processed area.

x — - . — - . "
J Municipality . [ Municipality grr
- | Deviation Index (DI) Deviation Index (DI)

- <15 - <15 -
# 1.5-3 = 1.5-3 E,;
3-5 01 2 3 4km 3-5 N
, " >5 - e <

8°54'E 8°57'E 9°0'E 9°3'E 8°54'E 8°57'E 9°0'E 9°3'E ‘

[Figure 8: RADARSAT-1 SqueeSAK time series over Voghera and Pontecurone. A) LQ8cities for descending
(left) and ascending (right) mode data processeti ®ueeSAR! by TRE S.r.l.; B) Automated classification in
descending (left) and ascending (right) mode, base®S-Time classification tool byeRTi et al., 2013; C) Semi-
automated classification descending (left) and iediogg mode, based on the Deviation Index (DI) apphaby Cignaet

al. (2012).]
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The most likely cause of the observed seasonalitglated to groundwater oscillations due to exwadrom deep and
confined aquifers for agricultural use (Figure 1€)nsequent variation of pore water pressure aadngr settlement
and/or heave. Maximum water levels are reachegiimg, while minimum levels in early autumn, afielgation.
Long-term oscillations are related to wet and dgyiqs, e.g., from 2003 to 2008 a drier period edugeneral decrease

of water levels, whereas from 2009 to 2010 a wetdeiod caused general increase of piezometriddeve
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[Figure 9: A) Semi-automated classification of RARBAT-1 SqueeSAR' ascending time series based on DI1 over
the village of Pontecurone (cf. Figure 8 C) oveplegh onto Virtual Earth image (Bing Maps © 2013 Msoft
Corporation), with indication of the north-eastepumrter (see white square), where B) the highdsiesaof DI1 were
retrieved (range: 2.8 — 5.3). C) Time series andyfaph of DI1 vst, for the DS A4WEI. Red dashed line marks the a
priori t, in November 2008.]
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[Figure 10. A) Spatially averaged time series fecemding and descending geometry; B) LOS velouitg series for
Pontecurone, using 6-month long averaging windavd & year interpolation windows. Results are shdanboth
ascending and descending RADARSAT-1 datasets, amgh@ared with ground water levels (source: RegideenBnte
- Settore Acque).]

3.2 Landslide, case history of Crociglia

Crociglia landslide is a typical earth slide-edittw that affects the weathered clay shale unitdelyi outcropping in
the NW Apennines. Borehole investigations suggesitatithe sliding surface is located at depths betws m and 15
m from the ground level, and recent field surveyidenced presence of damage in residential buiding

The analysis of RADARSAT-1 SqueeSARV, o5 in ascending and descending mode shows an aetiverswithin the
urban settlement (Figure 11 A). The landslide affex west-facing, gentle slope (10°), and the nd@iection of the
movement is horizontal, along the E-W directioncasfirmed by negative s in the descending dataset (i.e. -7 to -10
mm/yr), and positive s in the ascending (i.e. +4 to +6 mm/yr) dataset.

PS-Time automated classification of TS shows predante of bi-linear, and linear behaviours only éosmaller
portion of the TS, in both the ascending and theceeding datasets (Figure 11 B). Bi-linear pointerd to the south
of the landslide boundaries, suggesting that iiigtabnvolves a wider area and incorporates thatkern sector of the
village. The date recording the change in the E&dris autumn 2008. As for Pontecurone, the BICdéinshows
values higher than 1.2, indicating strong bi-liritgar

The computation of DI1 was performed for 160 SqudRS' TS in descending, and 230 TS in ascending mode, by
using thet, of November 2008 for both the datasets. The Dipsr{&igure 11 C) confirm spatially the extensiorihaf
deviations already evidenced by PS-Time, and Dltiesaas high as 1.5 to 3.0 are observed, mosthimibhe mapped
landslide boundaries, and part to the south, with fieak of 3.4 in the descending dataset for atgost outside the
landslide boundary.

The mobile DI approach shows that the TS of PSR®dvithin the landslide boundaries recorded sindi@formation
behaviour from the main scarp to the toe, therelsylting in similar DI1 vst, curves. Figure 12 shows the example of
PS A75VJ from the descending dataset (which besictéethe occurred deformation due to the aspeth@fslope),

located in the lower part of the landslide. Thei§8$ominated by LOS motion away from the satellgggure 12 B),
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with -7.46 mm/yr \(os and 0.97 coherence. Visual inspection of the Tghllghts trend change only in the course of
2009, in correspondence with the last SAR acqaissti Using a priofi, on 30/11/2008 the DI takes on the value of 2.5
(Figure 12A), whereas the mobile DI provides a ®epicture (Figure 12C), by showing a DI1 incredseing 2008
and the peak of 4.5 on 14/05/2009. The mobile D¢utation allows us to correct the interpretatiamdao detect
objectively the trend change in 2009 that was dlye®ted by visual inspection. The a prigrof 30/11/2008 therefore
cannot be considered the ideal date to break theéhb8gh still critical, as the trend deviation vedieady in place. The
features observed in the TS of PS A75VJ are alsoddor the neighbouring PS and DS, thus indicasimgilar

deformation behaviour for all the points within thadslide boundaries.

[Figure 11: RADARSAT-1 SqueeSAR time series for Crociglia A) LOS velocities baseul (left) descending and
(right) ascending mode data processed with Sque@$ARTRE S.r.l.; B) Automated classification of RARSAT-1
SqueeSAR" time series in (left) descending and (right) asoem mode, based on PS-Time classification tool by
BERTI et al. (2013).; C) Semi-automated classification (lef@scending and (right) ascending mode, based on the
Deviation Index (DI) approach by Cigeaal.(2012).]
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[Figure 12: A) Semi-automated classification of RARSAT-1 SqueeSAR' descending time series based on DI1 over
Crociglia landslide (cf. Figure 11A), superimposed landslide inventory (IFFI 2007) and topographiap sheet
Regione Lombardia B9C1 scale 1:10'000; B) Timeesednd C) graph of DI1 v, for the PS A75VJ. Red dashed line
marks the a priot, in November 2008.]

The analysis of the TS velocity was based on aesrad ~20 ascending and ~20 descending TS of puwiitién the
landslide boundaries and allowed identificatiorivad main types of trends. The first depicts a loeign behaviour and
confirms the evidences from the DI computation &®Time automated classification (Figure 13 A). Teziod
between 2003 and 2008 showspY of -7 mm/yr in the descending mode and +4 mm/yaseending mode. The
velocity TS based on 6 months-long intervals sheeasonal variations for both acquisition geometri@sserved
acceleration of the movements in winter-springoitofved by deceleration in summer/early autumn (Feégl3 B). We
also computed the E-W and vertical component of/Hecity (Figure 13C). The projection of the 6-rtioiV s to the
steepest slope direction for both geometries stemyusvalent results. Average velocity during theteiris -20 mm/yr,
whereas velocity during the summer ranges betw&emand -4 mm/yr. The agreement between ascending and
descending datasets, also confirmed by analysiSR8 data, allows us to consider this result rediagddso without
comparison with other monitoring data. The physeqdlanation of the observed seasonal trend is likesy related to
seasonal variations in saturation level of the, smhtrolled by rainfall, evapo-transpiration ambw melting. Long-
term variations are thought to be related to rédinfss the period between November 2008 and May02@hs
characterised by two rainy winter-spring periodeeTmain event occurred in April 2009, just aftee ththat was

identified by both PS-Time and the DI approach, #iedlandslide motions mainly occurred in the aressby.
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[Figure 13: A) Spatially averaged SqueeSXRime series for ascending and descending geoméRADARSAT-1
datasets; B) LOS velocity time series for Crociglising 6 months averaging window, and 1 year jpai@tion
windows. Results are shown for both ascending asdehding RADARSAT-1 datasets, and compared witifalts
(source: Arpa Lombardia). C) resolved E-W and wetticomponents of the velocity by combing ascending
descending RADARSAT-1 datasets.]

Conclusions

Deformation Time Series (TS) generated through acka DINSAR techniques provide valuable informationthe
temporal evolution of geological processes as lahelsand subsidence phenomena.

In this work we proposed and validated a methodolfay the analysis of DINSAR TS, aimed at improvitige
understanding of the kinematical behaviour of geah# processes and enabling also non-expert usehaurtdle
DInSAR deformation time series.
The proposed methodology consists of three mapsste

> Pre-processing (see section 1): computation efSAR Dataset Quality Inde§SDQI) aimed at evaluating the

quality of datasets prior to/in preparation to ttend analysis. Its assessment is based on fiex@slassociated to the

23



characteristics of the available SAR datasets. SB&H computed for several DINSAR datasets acquyedifferent
SAR sensors and processed with advanced DInSARitaeds, i.e., PSINSAR, SqueeSAR’, SBAS and SPN. The
purposed SDQI can be applied to any other DInSARrtEues not tested in this work and it is an ojpstrument
that can be discussed and improved by the communitg comparative tests showed that the optima¢-series
should have the following features: a temporal spfB-8 years, an almost complete series of imag#wut long
temporal gap (temporal baseline <180 days for Ldb&®0 days for C-band; <45 days for X-band) amgbaed spatial
baseline (<1000 m, < 300 m; < 200m respectivelylfoC and X band). The spatial resolution of sereod the
wavelength are also important, and SDQI approast atcounts for them.

> Post-processing (see section 2):

application of four approaches aimed at mitigathogne of the errors and noise that can affect DIngARand
improving their quality. These approaches are baseedmpirical-stochastic observations and addtessemoval of
regional trends and anomalous motion values, theection of possible phase unwrapping errors are rihise
reduction trough spatial averaging. However, suckthods for TS quality improvement need strong adntr
interaction and input by the DINSAR users and catr@used with full automation. In particular, fire phase
unwrapping error correction it is important to ckeélbe geomorphological reliability with ground thutlata to avoid
false positives. Application of these approaches&u good results for the case histories in oussaod interest.

> Detection and analysis of TS trends (see sectioth8e different methodologies for DINSAR TS trearthlysis
were compared with respect to a common datasetctesized by a very high quality (SDQI=0.82) andewh
necessary, after quality improvement (as proposdatiis work). These methodologies work on differagpects of
the TS: (i) PS-Time automated classificatisrsuitable when the deformation behaviour is umkmoand is able to
suggest trend typology and other useful paraméeegs,t,, bi-linearity and seasonality indices); (ii) Detga Index
or DI, improved with the mobile DI, is suitable detect the geological processes when TS show tthadges in
relation to specific events (e.g. sudden collapsayvy rainfall, tectonic motion); and (iii) the % velocity allows
extraction of relevant temporal features (e.g.ssmality) at the local scale. The three methodelegiere tested on
two areas in ltaly affected by urban subsidence landslide processes, and showed agreement inripigtthe
motion behaviour of the investigated phenomenaPdmtecurone, the TS analysis allowed discoverindath
seasonal and long-term ground oscillations, likelgted to water level variations in the aquifénsCrociglia, long-
term and seasonal trend were detected, showingralaiion of landslide motions with rainfall recerdver 3-6
month long intervals.

The obtained results prove that the proposed methgy allows maximizing the information embeddedtie
DInNSAR TS and encourage its implementation by esefsl interested in improving the understanding haf t

deformation behaviour of geological processes.
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